Differences in immune function and responses contribute to health-and life-span disparities between 1 5 sexes. However, the role of sex in immune system aging is not well understood. Here, we characterize 1 6 peripheral blood mononuclear cells from 172 healthy adults 22-93 years of age using ATAC-seq, RNA-1 7 seq, and flow-cytometry. These data reveal a shared epigenomic signature of aging including declining 1 8 naïve T cell and increasing monocyte/cytotoxic cell functions. These changes were greater in magnitude 1 9 3 1 expression 2 and DNA methylation levels 3 . Recent studies revealed that chromatin accessibility of purified 3 2 immune cells, especially CD8 + T cells, change significantly with aging, impacting the activity of 3 3 important receptor molecules, signaling pathways, and transcription factors (TF) 4, 5 . Together, these 3 4 changes likely contribute to aging-related immunodeficiency and ultimately to increased frequency of 3 5 morbidity and mortality among older adults. However, it is unclear to what extent these aging-associated 3 6 changes are shared between men and women.
1 0 0 age 16 . Furthermore, CD69 + CD16 + NK cells were more abundant in men, whereas subsets of T cells and 1 0 1 ILCs showed more abundance in women.
1 0 2 1 0 3
We studied subsets of CD4 + and CD8 + T cells in a subgroup of young and older individuals (n=80): naïve 1 0 4 (CD45RA + , CCR7 + ), central memory (CD45RA -, CCR7 + ), effector memory (CD45RA -, CCR7 -), and 1 0 5 effector memory RA (CD45RA + , CCR7 -). Expectedly, naïve T cell frequencies decreased with age, 1 0 6 particularly in CD8 + T cells (Supplementary Figures 1d, 1e) . As previously reported 17 , women had more 1 0 7 naïve T cells compared to men. For example, ~13.2% of PBMCs were naïve CD4 + T cells in young 1 0 8 women, compared to ~7.8% in young men (Wilcoxon p=0.00057) despite the cohort of young women 1 0 9 being slightly older (Supplementary Tables 1, 4) . Women have elevated thymic function compared to 1 1 0 men at all ages 18 , potentially explaining observed sex-differences in naïve T cells. Sex-and age-related 1 1 1 changes in other T cell subsets were not as significant and as consistent as the changes in naïve T cells 1 1 2 (Supplementary Figures 1d, 1e ). 1 1 3 1 1 4
Using generalized linear models (GLM), we studied the relationship between age and sex of individuals 1 1 5 and the variation in their PBMC compositions, which confirmed that age is most strongly associated with 1 1 6 CD8 + T cell proportions, especially for naïve cells (Supplementary Figure 1f) . Whereas sex is most 1 1 7 strongly associated with naïve CD4 + T cells; women have higher proportions compared to men 1 1 8 (Supplementary Figures 1d, f) . Finally, we observed that B cell proportions are associated with joint 1 1 9 effects of sex and age (Supplementary Figure 1f) , due to the male-specific decline in B cell proportions 1 2 0 after age 65 (Figure 1d) . Together, these data uncovered shared and sex-specific changes in PBMC cell 1 2 1 compositions with age, some of which underlie genomic changes. We detected ATAC-seq peaks that are differentially accessible (DA) between young and older 1 2 5 individuals 19 (FDR 5%). In men, 10,196 peaks were DA with age (13% of tested: 5,782 closing, 4,414 1 2 6 opening), compared to 4,516 DA peaks in women (5.8% of tested: 3,309 closing, 1,207 opening) ( Figure   1 2 7 2a, Supplementary Table 5 ). Male and female DA peaks significantly overlapped, despite thousands of 1 2 8 sex-specific loci associated with aging. Furthermore, a significant correlation was detected between sexes 1 2 9 in terms of their epigenomic aging signatures (Pearson r=0.445, p<0.001) . DA peaks corresponded to 1 3 0 6,612 and 3,634 genes in men and women, respectively (Supplementary Figure 2b) . Functional 1 3 1 annotation of these peaks using Roadmap chromatin states in immune cells 20 revealed that closing peaks 1 3 2 were mostly regulatory elements (promoters, enhancers) shared across cells, especially T cell subsets 1 3 3 (Figure 2b, Supplementary Figure 2c) . In contrast, opening peaks were mostly enhancers of CD14 + 1 3 4 monocytes and CD56 + NK cells in both sexes (Figure 2b, Supplementary Figure 2d ). As previously 1 3 5 reported 5 , there were more 'quiescent' loci (i.e., loci without functional annotation) among opening peaks, 1 3 6 which may be due to global chromatin deregulation with age 21 . 
0 6
Using a systems immunology approach in human PBMCs, this study uncovered cell types and immune 4 0 7 functions that are differentially affected with aging between men and women. Changes in bulk PBMCs 4 0 8
were annotated using cell-specific regulatory element loci inferred from reference epigenomic datasets 10, 4 0 9 13 20 . Although this approach was effective in annotating the aging signatures, it is prone to biases in 4 1 0 references, e.g., differences in data quality and limitation to use cell types available in references. Future 4 1 1 studies are needed to describe these sex differences at single-cell resolution and in sorted cells and to 4 1 2 establish their functional implications. Moreover, future studies are needed to study important molecules 4 1 3 identified here (IL7R, LEF1, TCF7, IL8, IL18) as sex-specific biomarkers of immune system aging.
1 4
Taken together, these findings indicate that sex plays a critical role in human immune system aging and 4 1 5 should be taken into consideration while searching for molecular targets and time frames for 4 1 6
interventions/therapies to target aging and age-related diseases. Policy on Inclusion Across the Lifespan (NOT-98-024) 39 , increasing the generalizability of our studies and the 4 2 6 likelihood that these findings can be translated to the general population 40 . Subjects were carefully screened in order 4 2 7 to exclude potentially confounding diseases and medications, as well as frailty. Individuals who reported chronic or 4 2 8 recent (i.e., within two weeks) infections were also excluded. Subjects were deemed ineligible if they reported a 4 2 9
history of diseases such as congestive heart failure, ischemic heart disease, myocarditis, congenital abnormalities,
3 0
Paget's disease, kidney disease, diabetes requiring insulin, chronic obstructive lung disease, emphysema, and 4 3 1 asthma. Subjects were also excluded if undergoing active cancer treatment, prednisone above 10 mg day, other 4 3 2 immunosuppressive drugs, any medications for rheumatoid arthritis other than NSAIDs or if they had received 4 3 3 antibiotics in the previous 6 months. Beyond these steps to exclude specific chronic conditions we also undertook 4 3 4 further additional efforts to exclude older adults with any significant frailty. Since declines in self-reported physical 4 3 5 performance are highly predictive of frailty, subsequent disability and mortality 41 , all subjects were also questioned 4 3 6 as to their ability to walk ¼ mile (or 2-3 city blocks). For those who self-reported an inability to walk ¼ mile 41 , the 4 3 7 "Timed Up and Go" (TUG) test was performed and measured as the time taken to stand up from the sitting position, 4 3 8 walk 10 feet and return to sitting in the chair 42 . Scoring TUG > 10 second was considered an indication of increased 4 3 9 frailty and resulted in exclusion from the study 43 . Information on medications in Table S1 illustrates that as 4 4 0 expected medication usage did increase with age. Nevertheless, these medications all reflected their use for common 4 4 1 and controlled chronic conditions unlikely to influence our findings such as hypertension, hyperlipidemia, replicates were merged and all further analyses were carried out on these merged data. For peak calling, MACS2 47 4 7 4 was used with no-model, 100bp shift, 200bp extension, and bampe option. Only peaks called with a peak score (q-4 7 5 value) of 1% or better were kept from each sample, and the selected peaks were merged into a consensus peak set 4 7 6
using Bedtools multiinter tool 48 . Only peaks called on autosomal chromosomes were used in this study. We further 4 7 7 filtered consensus peaks to avoid likely false positives by only including those peaks overlapping more than 20 short 4 7 8 reads in at least one sample, and peaks for which the maximum read count did not exceed 500 counts per million 4 7 9
(cpm) to account for regions that are potential artifacts. Finally, we excluded peaks overlapping ENCODE whereas the maximum read count over all samples (maxCt) is used to assess the second one. In this study, a peak 4 9 0 was considered apt for benchmarking when (1) its absolute logFC was in the bottom quartile of the distribution over 4 9 1 all peaks, (2) its maxCt was in the top decile of the distribution over all peaks, and (3) the peak was called in at least 4 9 2 90% of the samples. Using these parameters, 640 (out of 86,300) peaks were selected as benchmark; only samples 4 9 3
for which at least 92.5% of these peaks were called were selected for analyses, which excluded 8 samples from 4 9 4 further analyses. We examined the effects of each of these parameter choices and found that the same samples were 4 9 5 consistently chosen as poor quality for a range of values chosen to assess the benchmark criteria. After re-applying 4 9 6 the peak selection criteria to the remaining 100 samples, we arrived at a peak count of 86,145 peaks. Among the 4 9 7
samples that passed the QC step, we studied the distribution of FRIP scores, depth of sequencing, and peak numbers 4 9 8
(that are correlated measures), which revealed a wide range of values. Neither of these measures were correlated 4 9 9 significantly with age in linear regression models (FRIP: Pearson r = 0.11, p = 0.29; Depth: Pearson r = 0.081, p = 5 0 0 0.42; Peak number: Pearson r = 0.1, p = 0.32). However, on the average samples from men had higher values 
0 2
To account for these differences, prior to statistical analyses, ATAC-seq read counts were normalized to each 5 0 3
sample's effective library size (i.e., the sum of reads overlapping peaks) using the trimmed mean of M-values 5 0 4 normalization method (TMM) 49 . In addition, we used the effective library size and significant surrogate variables as 5 0 5
co-variates in differential analyses (see Differential analyses for details). Accordingly, we noted that SV1 in these 5 0 6
analyses correlate significantly with library depth (Pearson r=-0.68 p=6.8e-15) and number of peaks (Pearson Biosytems) according to the manufacturer's instructions using 100ng or 500ng of total RNA. Final libraries were 5 1 8 analyzed on a Bioanalyzer DNA 1000 chip (Agilent Technologies). Paired-end sequencing (2x100bp) of stranded 5 1 9 total RNA libraries was carried out in either Illumina NextSeq500 using v2 sequencing reagents or the HiSeq2500 5 2 0 using SBS v3 sequencing reagents. Quality control (QC) of the raw sequencing data was performed using the 5 2 1 FASTQC tool, which computes read quality using summary of per-base quality defined using the probability of an 5 2 2 incorrect base call 50 . According to our quality criteria, reads with more than 30% of their nucleotides with a Phred 5 2 3 score under 30 are removed, whereas samples with more than 20% of such low-quality reads are dropped from 5 2 4
analyses. Benchmarking is also applied on RNA-seq data using the same benchmark parameters as ATAC-seq, 5 2 5 which resulted in 304 benchmark genes, none of the RNA-seq samples were dropped due to poor quality. Reads 5 2 6 from samples that pass the quality criteria were quality-trimmed and filtered using trimmomatic 45 . High-quality 5 2 7 reads were then used to estimate transcript abundance using RSEM 51 . Finally, to minimize the interference of non-5 2 8 messenger RNA in our data, estimate read counts were re-normalized to include only protein-coding genes. Table   5 2 9
S2 summarizes the quality control measures for our PBMC RNA-seq samples. for the effect of aging between healthy young and healthy old samples by sex, as well as the effect of sex by age 5 3 4
group. In addition to sex and age group (old vs. young), our models included the base-2 log of effective library size 5 3 5 to ensure peakwise normalization. We isolated a batch effect correlated to time period whereby samples were 5 3 6 collected and libraries were prepared, and used ComBat to adjust the data for this effect. Finally, we used Surrogate 5 3 7
Variable Analysis (SVA 52 ) to capture unknown sources of variation (e.g., localized batch effects, subject-level 5 3 8 heterogeneity, variation in library preparation techniques) statistically independent from age group assignments.
3 9
SVA decomposes the variation that is not accounted for by known factors like age group or sex, into orthogonal 5 4 0 vectors that can then be used as additional covariates when fitting a model to test for differential accessibility or 5 4 1 expression. Using the built-in permutation-based procedure in the R package sva, we choose to retain one SV to 5 4 2 include as covariate in the GLM model for PBMC ATAC-seq and none for RNA-seq data analyses 53 . GLM models 5 4 3
where implemented using a negative binomial link function, including both genome-wide and peak-specific 5 4 4 dispersion parameters, estimated using edgeR's "common," "trended," and "tagwise" dispersion components, 5 4 5 calculated using a robust estimation option. Benjamini-Hochberg P-value correction was used to select differentially 5 4 6 open peaks at a False Discovery Rate (FDR) of 5%. To generate a set of model-adjusted peak estimates of chromatin 5 4 7 accessibility (i.e., batch-, and SV-adjusted) for downstream analyses and visualization, we used edgeR to fit a "null" 5 4 8 model excluding the sex and age group factor, and then subtracted the resulting fitted values from this model from 5 4 9 the original TMM-normalized reads. 5 5 0 5 5 1 Peak annotation and downstream analyses: Multiple data sources were used to annotate ATAC-seq peaks with 5 5 2 regard to functional and positional information. HOMER 54 was used to annotate peaks as "promoter" (i.e., within 2 5 5 3 kb of known TSS), "intergenic", "intronic", and other positional categories. For functional annotation of peaks, we 5 5 4 used a simplified scheme integrating public chromatin states calculated for major PBMC subpopulations with 5 5 5
ChromHMM from Roadmap Epigenomics 20 , Blueprint Epigenome, and a third reference data 55 : First, we intersected 5 5 6 the chromHMM-generated states with our set of consensus peaks, and solved conflicting cases where multiple 5 5 7 chromatin states overlap the same ATAC-seq peak so that each peak was assigned a single annotation, according to 5 5 8 the following priority rules: if a peak overlaps both an active TSS and enhancer region, which state takes priority 5 5 9 depends on whether the peak is proximal (i.e., within 1,000 bp of the nearest TSS), in which case it is annotated as a 5 6 0 promoter, or distal (distance to nearest TSS greater than 1,000 bp), when it is annotated as an enhancer instead. For 5 6 1 all other states, rules apply as follows: Active Enhancer > Genic Enhancer > Bivalent TSS > Weak Enhancer > 5 6 2 Bivalent Enhancer > PolyComb repressed > TSS Flanking > Transcription > ZNF Genes and repeats > 7 0 0 sampled age using the Fisher's method, reapplied LOESS smoothing to the resulting distribution, and used 7 0 1 numerical differentiation to determine whether each age was predicted to be minimum or a maximum. Finally, we 7 0 2 marked every maximum as a significant breakpoint candidate if it satisfied both a parametric criterion, i.e. 7 0 3 significance of the Fisher method-combined p-values (χ 2 test), and a heuristic criterion, namely whether the distance 7 0 4 between this local maximum and the nearest minimum equaled or exceeded 25% of the value of the global 7 0 5 maximum. The procedure described above results in a smoothed loginvp distribution for each w value, each 7 0 6 comprising a series of points including maxima and minima, such that slightly different maxima can be estimated 7 0 7 for different w values. Finally, we used Gaussian mixture modeling on the distribution of these maxima, as 7 0 8 implemented in R-Mclust package, to group loginvp maxima obtained from different window spans into cohesive 7 0 9 breakpoint intervals, whose medians and ranges we report herein for each cluster. Since breakpoints are 7 1 0 independently calculated for each cluster, observed overlaps are likely the result of aging-related events with a 7 1 1 genome-wide impact. 7 1 2 7 1 3
Analyses of 500FG and MI data:
We obtained publicly available ELISA data measuring serum protein levels by 7 1 4 the 500 Human Functional Genomics (500FG) consortium 11 . We only retained individuals who are matching our 7 1 5 cohort in terms of the age span, which resulted in data from 267 individuals. These individuals are grouped together 7 1 6 using the age brackets defined in our study: Young 22-40 years old, middle-aged: 41-64 years old, older: 65 years 7 1 7 old. We compared data from 1) men and women at all age brackets; 2) young men to old men; and 3) young women 7 1 8 to old women using Wilcoxon Rank Sum non-parametric test (two sided). Note that flow cytometry data from this 7 1 9 same cohort was not publicly available; hence cannot be included into the analyses. Similarly, publicly available 7 2 0 flow cytometry data from Milieu Intérieur Consortium 12 cohort was obtained. We used data that is already processed 7 2 1 by this study and just used individuals whose ages are matching our cohort, which resulted in data from 892 7 2 2 individuals. We built linear models using R (lm function) to quantify the association between each flow cytometry 7 2 3 measurement to age group (young, middle-aged, older), sex (F, M) and their interaction (age*sex). Significant data from this study. Plots were generated using ggplot2 62 , using graph aesthetics used throughout the manuscript 7 2 9
figures. Statistics for box plots were calculated using the wilcox.test function in R and presented without correction 7 3 0 for the multiple (n = 5) comparisons (two sided). Statistics for scatterplots were calculated by fitting a linear model 7 3 1 with the lm function in R using the formula (measurement ~ age:sex + sex). For ATAC-seq data, only the peak 7 3 2 closest to the gene TSS was considered. Unutmaz for critical feedback during the progress of the study. We thank Yuqi Zhao and 7 5 0
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Data availability 7 5 8
The data generated as part of this study is controlled access. A subset of the ATAC-seq and 7 5 9
RNA-seq samples used in these analyses was made public through EGA e  e  k  J  T  ,  J  o  h  n  s  o  n  W  E  ,  P  a  r  k  e  r  H  S  ,  J  a  f  f  e  A  E  ,  S  t  o  r  e  y  J  D  .  T  h  e  s  v  a  p  a  c  k  a  g  e  f  o  r  r  e  m  o  v  i  n  g  b  a  t  c  h  9  3  8  e  f  f  e  c  t  s  a  n  d  o  t  h  e  r  u  n  w  a  n  t  e  d  v  a  r  i  a  t  i  o  n  i  n  h  i  g  h  -t  h  r  o  u  g  h  p  u  t  e  x  p  e  r  i  m  e  n  t  s  .   B  i  o  i  n  f  o  r  m  a  t  i  c  s   9  3  9   2  8   ,  8  8  2  -8  8  3  (  2  0  1 by cell-specific genes from single-cell RNA-seq data. Note that the highest correlation is observed in naïve T cells 1 0 2 6 (n=70 genes), which is associated with negative fold changes (i.e., downregulation with age) in both sexes. On the 1 0 2 7 other hand, NK cells (n=403 genes) are highly correlated between sexes and associated with increased expression 1 0 2 8 with age in both sexes. In agreement with ATAC-seq data, gene expression remodeling correlates the least between (fitted values from ARIMA models) with a significant chronological trend in women (left, n=13,297) and men 1 0 3 7 (right, n=13,295) , as a function of age in years. Values represent z-score normalized accessibility values relative to 1 0 3 8 the row (i.e., peak) mean. K-means clustering was used to group these peaks into three clusters in men and women Peak size, logCPM Log Fold Change (old-young) LTBP3  ZNF84  RHOH  NELL2  TGIF2  FOXP1  PASK  PKIA  PDK1  BTBD11  LPHN1  HSD17B8  BCL11B  ITGA6  LY9  HIVEP2  LTB  EPHA4  FLT3LG  AQP3  AES  LDHB  RASGRF2  ABLIM1  NOSIP  PLXDC1  TCF7  NMT2  SATB1  MAML2  OCIAD2  DYRK2  CCR7  LEF1  CAMK4  CD96  SLC7A6  MTUS1 a Shared temporal peaks (n=3, 197) Peak size, logCPM Young men vs. young women 78 differential peaks Middle-aged men vs. women 13 differential peaks Older men vs. older women 1011 differential peaks Young men vs. young women 0 differential genes Middle-aged men vs. women 1 differential gene Older men vs. older women 548 differential genes 
RNA-seq/ATAC-seq* differences between old men and old women
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